others completely ignore the signal. The underlying sources of cellular variability have been inaccessible due to the destructive nature of experiments. Here we apply deep learning, livecell analysis, and mechanistic modeling to uncover hidden variables controlling NF-kB activation in single-cells. Our computer-vision algorithm accurately predicts cells that will respond to pro-inflammatory TNF stimulation and shows that single-cell activation is predetermined by minute amounts of "leaky" nuclear NF-kB localization before stimulation.
Individual cells show unpredictable and highly variable responses in a wide range of contexts, from immune signaling to drug response [1] [2] [3] [4] [5] . For example, following stimulation with signaling molecules like tumor necrosis factor (TNF) and lipopolysaccharides (LPS), a portion of cells in a population will activate inflammatory response pathways like NF-κB while others will completely ignore the stimulus 6 . Determining the sources of signaling variability is of immense importance for fundamentally understanding gene regulation, signaling, immunity, and development, as well as in predicting variable drug responses and tolerance [7] [8] [9] [10] . Despite previous characterization of heterogeneous NF-κB responses in a wide range of contexts 6, 11, 12 , it remains extremely difficult to explore the molecular and cellular mechanisms that drive variable behavior in single cells.
NF-κB is a key transcriptional pathway that is activated by a plethora of signaling molecules 13 and controls the expression of hundreds of pro-inflammatory and cell fate genes 14 .
Dysregulation of NF-κB is implicated in many physiological conditions including infection, autoimmunity, and cancer 13, 15 . Live-cell analysis has shown that NF-κB activation is highly variable in single cells, where many cells show complete cytoplasm-to-nucleus translocation of the p65 transcription factor (the hallmark of pathway activation), while others ignore the stimulus and show no translocation and no NF-κB target gene expression (Figure 1a) . While the fraction of cells that respond to a stimulus increases in a dose-dependent manner 6 , it is unclear whether these cell-to-cell differences are due to stochastic, random processes or are pre-determined by variability in unknown molecular components that are hidden to researchers (Figure 1b ). Despite this seemingly noisy behavior, NF-κB nevertheless manages to mount very specific responses to different signaling molecules, taking into account their concentrations and temporal ordering 1, 6, 11 .
The challenge in understanding the cause of heterogenous responses in signaling and gene regulation is a classic uncertainty principle problem -we can only identify the responding (i.e. activated) cells after we chemically stimulate the population with signaling molecules, which will inevitably perturb the cellular states we wish to examine. Many signaling pathways, including NF-κB, contain multiple feedbacks that upon exposure to an external signal rapidly change the molecular composition of the pathway. This presents a fundamental difficulty in determining how cell-to-cell differences impact the probability of any given cell to respond to a stimulus. One way to circumvent this problem is by use of mathematical modeling 16, 17 . Stochastic modeling of pathway dynamics can reveal important insights and general patterns of noisy events, but, are bound by the underlying assumptions of the models and can offer many plausible explanations for cellular heterogeneity. Because of these experimental and theoretical limitations, molecular mechanisms underlying important cellular behaviors like variable drug response, digital pathway activation, and signal tolerance currently remain unknown 6, [18] [19] [20] .
To understand to what degree NF-κB activation is driven by unpredictable stochastic molecular fluctuations, or whether there are deterministic cell state drivers of NF-κB response, we adopted an image-based machine learning approach to predict which individual cells will activate the NF-κB pathway in response to an inflammatory stimulus. By live-imaging the cells before, during and after stimulation, we were able to use the cell image before stimulation to predict whether the cell will activate the NF-κB pathway or not. We developed an image based convolutional neural network (CNN) deep learning model aided by a support vector machine (SVM) to predict outcomes of chemical stimulation in individual cells (see Supplemental Info).
Our computer-vision based method classifies cells into responding and non-responding groups
based solely on the unperturbed cell's image and is able to predict which cells will respond to or ignore TNF stimulation with 82±3% accuracy. As this prediction is done on unstimulated cells, our approach allows studying how the cell's unperturbed molecular state differs between responding vs. nonresponding cells, which was not possible before this study. Here we applied this method to understand if and how the dynamics of NF-κB response is bound by non-stochastic factors.
To develop a predictive machine learning model for NF-κB activation in individual cells, we first performed experiments to generate a reference data set. We used a high throughput microfluidic cell culture platform 21 to chemically stimulate and quantitatively measure NF-κB response in cultured mouse fibroblast cells. These cells express p65-dsRed and H2B-GFP fluorescent reporters 6 to track NF-κB nuclear translocation in real-time. Cells were first imaged unperturbed for 1.5 hours, stimulated (using the automated microfluidic system) with TNF (0.1 ng/mL) and monitored for 6 hours. Custom image analysis software was used to track the nuclear localization of p65 and assign a label to each cell (activated vs. not-activated) 21 (Figure 1c) .
We then trained and tested the CNN deep learning algorithm on our annotated set of images of single cells (n = 2113), taken before stimulation with TNF (t=0). We used the three image channels (phase-contrast, nuclear marker [GFP] and the basal state of p65 [dsRed]) as inputs to the classifier. We performed 10-fold cross-validation with test and validation sample sets to computationally validate our predictions and made predictions on unstimulated cells (Figure 1d) .
In total the algorithm correctly classified the future activation state of 82±3% of the cells (the mean and s.e. of individual inference on subsets) (Figure 1e ). The CNN schematic is shown in Supplemental Figure 1a and ROC curve is shown in Figure 1f . We can accurately predict individual cells response from their pre-stimulation images which strongly suggests the existence of deterministic causes underlying NF-κB response in single cells.
While highly powerful in predicting, CNNs are difficult to biologically interpret as they rely on pixel-level information rather than descriptive predictors. Thus, to gain further biological insight into the deterministic nature of NF-κB sensitivity, we used a second machine-learning approach, support vector machine (SVM) (See Supplementary Info) , which relies on 236 defined predictors (Figure 2a) . We also expanded the experimental dataset from a single TNF dose to a range of doses (0.005 to 5 ng/mL, n=3456, Supplementary Figure 2a ). We identified a subset of highly predictive image features that correlate with the cell's likelihood to become activated, including the basal (pre-stimulus) level and standard deviation of nuclear NF-κB and several texture features (Figure 2c, d) . Using these features, cells can be visualized by t-stochastic neighbors embedding (t-SNE), which match "TNF-sensitive" and "TNF-resistant" cells clusters ( Figure 2b ).
Further analysis of the contribution of individual image features to the prediction revealed that most of the variation in single cell predictions is explained by a single feature -the nuclear p65-dsRed levels before TNF stimulation (r = .62), which showed significant difference between TNF-sensitive and TNF-resistant cells. Cells that responded to TNF stimulus had, on average, a five-fold higher level of "leaky" nuclear p65 before stimulation than those that did not respond (Figure 2e , p = 1.35E-13), and nuclear NF-κB (p65) at t=0 was significantly correlated with the NF-κB peak height after stimulation (Figure 2f , p=1.5e-111). It is important to note that the low level of nuclear leakiness we observe is only about 12% of the total fluorescence in a given cell and is far below what is seen during activation. This small but significant difference, which evaded detection until this study, shows that the regulation of the steady state (i.e. pre-stimulus) NF-κB localization is an important determinant of NF-κB activation and demonstrates the power of utilizing computer vision to analyze single cell responses.
There are many different regulators that can influence p65 nuclear localization in resting (i.e. unstimulated) cells. The NF-κB pathway is robust to environmental fluctuations and noise, and many built-in negative feedback mechanisms (Figure 3a ) prevent spontaneous activation (nuclear import of p65) in the absence of biochemical stimulation. Nevertheless, our imaging data clearly reveals that many cells show "leaky" nuclear p65 (localization without stimulus), and that this small but significant pre-stimulus p65 localization pre-determines the sensitivity of the cells in responding to upcoming TNF challenges.
To understand the molecular mechanism behind p65 nuclear leakiness and how it could lead to increased TNF sensitivity and NF-κB activation probability, we explored the mechanistic mathematical model of NF-κB pathway in single cells 6, 12 . We found that variability in IκB levels, the main inhibitor of NF-κB that keeps it in the cytoplasm, could explain the observed NF-κB leakiness. In addition to binding to p65 and keeping it in the cytoplasm in unstimulated cells, IκB acts as a dynamic negative feedback regulator of the pathway, since IκB is a direct target gene of NF-κB. IκB is produced when NF-κB is activated and enters the nucleus. Using dynamic simulations, we perturbed the IκB/NF-κB ratio in single cells prior to TNF stimulation to determine the resulting likelihood of pathway activation for single cells (n=1000) ( Supplementary Figure   3a ). We find a major difference in cellular activation probability and peak height for different IκB levels (Supplementary Figure 3b) . Counterintuitively, cells with high initial IκB levels require a smaller TNF dose to achieve NF-κB activation, whereas cells with low initial IκB levels are very resistant to any TNF dose. This surprising finding is explained by the facts that the probability of activation depends on the IκB/NF-κB ratio, and not the total level of IκB, and that the IκB/NF-κB ratio is anti-correlated to the total IκB level ( Supplementary Figure 3b) . This finding indicates that a pre-existing imbalance in the NF-κB negative feedback is responsible for increased TNF sensitivity, and that the activation probability of individual cells is pre-determined by the molecular ratio of IκB to NF-κB in the cell (Figure 3c ).
To experimentally validate this prediction from mathematical modeling, we fixed and stained unstimulated cells for IκB-α protein expression and analyzed the relationship between IκB and NF-κB in individual cells using immunofluorescence (Figure 4a) . Our deep-learning approach allows accurate prediction of the TNF stimulation outcome of these cells without actually exposing them to TNF, hence allowing the analysis of their unperturbed IκB protein states by immunofluorescence. We segmented the nuclear and cytoplasmic compartments and found that, as predicted by our simulations, there is a significant inverse correlation between the IκB/NF-κB ratio and leaky nuclear p65 localization (Figure 4b , ρ=-0.26, p=2.7E-11), which is the main feature that determines cell activation upon TNF stimulation.
Next, we mapped the fixed-and-stained cells onto our tSNE visualization of the previous live imaging data (Supplementary Figure 2b) allowing us to infer IκB localization on our previous experiments for high scoring cells for activation (Figure 4c) . We find that there is indeed a significant difference in nuclear NF-κB, IκB/NF-κB Ratio, and total IκB as well as cellular area, validating our prediction that IκB/NF-κB ratio is driving activation probability in NF-κB (Figure   4d ).
In summary, our results show how image-based machine leaning can be used to study how cellular states affect the probability of seemingly stochastic events in signaling, as well as reveal the molecular determinants of these states. We found that the cell-to-cell variability in NF-κB activation is largely explained by a pre-existing difference in the ratio of the NF-κB and its
inhibitor, IκB. It remains an open question as to what leads to this variation in the IκB/NF-κB ratio:
one intriguing possibility is that epigenetic variance in genes encoding for NF-κB network components enforce the variable activation chance we observe. More broadly, the contrived variance we find in steady state IκB and NF-κB levels demonstrates the importance and potential functionality of gene expression variance in signaling. Overall, our demonstration of machine learning in the identification and elaboration of highly heterogenous signaling event leads from a theoretical prediction to an experimental observation of how cells could exploit heterogeneity as a non-trivial signaling driver and offers a novel tool to look at living cells through a prospective lens.
Acknowledgements:
Author Contributions: P.P. did microfluidic experiments; P.L. and P.P. ran machine learning pipeline; P.P. analyzed the experimental data with assistance from N.D.; M.B and S.T supervised the work.
Correspondence: Savaş Tay, Institute for Molecular Engineering, The University of Chicago, tays@uchicago.edu Funding: This work was supported by NIH grant R01GM128042 to S.T. Ping Liu was supported by NSF CAREER Award #1350337.
MATERIALS AND METHODS:

Microfluidic Cell Culture
Cell culture chambers are made of PDMS and coated with fibronectin (FC010-10MG) overnight. Cells are seeded at a constant density of ~20,000 cells/cm 2 . Cells are taken at 100% confluence by incubating with .25% trypsin-EDTA (25200-056) for 5mins prior to loading and are cultured for 5 hours before stimulation.
Cells were cultured using standard conditions for cell culture (5% CO2 and 37°C) and maintained using an incubation chamber during imaging. TNF--α (PMC3014_3671982503) was diluted in Fluorobrite DMEM media (A1896701) with 2x glutamax (35050061), pen/strep (15140-122) and FBS (16140071) for stimulation of NIH 3T3 cells. Vials of stimulation media was pressurized at 5psi, kept on ice, and connected to the chip via microbore tubing (PEEK, Vici). The microfluidic device is mounted on the microscope. Knockout p65-/-mouse 3T3 fibroblasts were engineered with p65-DsRed under the native p65 promotor (Tay et al., 2010 ) and a minimum fluorescence clone was selected to represent endogenous expression of NF-κB and the pathway dynamics. A ubiquitin-promotor driven H2B-GFP cassette provides a nuclear marker for image processing.
We image using Nikon eclipse ti2 microscope to capture both phase and fluorescence images of cultured cells at a 20x magnification. We use a Hamamatsu ORCA-Flash4.0 V3 Digital CMOS Camera (C13440) to capture an image every 5mins for the duration of the experiment. Custom Matlab scripts were used for image processing.
Mathematical Modeling
See Supplementary Information for an extended discussion of modeling and machine learning methods 
